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Abstract

General purpose AI, such as ChatGPT, seems to have lowered
the barriers for the public to use AI and harness its power.
However, the governance and development of AI still remain
in the hands of a few, and the pace of development is accel-
erating without a comprehensive assessment of risks. As a
first step towards democratic risk assessment and design of
general purpose AI, we introduce PARTICIP-AI, a carefully
designed framework for laypeople to speculate and assess AI
use cases and their impacts. Our framework allows us to study
more nuanced and detailed public opinions on AI through col-
lecting use cases, surfacing diverse harms through risk assess-
ment under alternate scenarios (i.e., developing and not devel-
oping a use case), and illuminating tensions over AI devel-
opment through making a concluding choice on its develop-
ment. To showcase the promise of our framework towards in-
forming democratic AI development, we run a medium-scale
study with inputs from 295 demographically diverse partic-
ipants. Our analyses show that participants’ responses em-
phasize applications for personal life and society, contrasting
with most current AI development’s business focus. We also
surface diverse set of envisioned harms such as distrust in AI
and institutions, complementary to those defined by experts.
Furthermore, we found that perceived impact of not develop-
ing use cases significantly predicted participants’ judgements
of whether AI use cases should be developed, and highlighted
lay users’ concerns of techno-solutionism. We conclude with
a discussion on how frameworks like PARTICIP-AI can fur-
ther guide democratic AI development and governance.

1 Introduction
In response to rapid adoption of AI and expansion of its
application areas, calls for more democratic and compre-
hensive risk assessment of AI are growing (Maslej et al.
2023; Tracy 2023; Bengio et al. 2023). Yet, these pose sev-
eral challenges. On one hand, the current assessment frame-
works and development decisions have largely been guided
by experts (Solaiman et al. 2023; Weidinger et al. 2023; Bar-
rett et al. 2023), overlooking the broadening impact of AI
to and its widening usage by everyday, non-expert public
(Viswanathan et al. 2023; Center 2023). On the other hand,
participatory frameworks for AI have been adopted in many
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specific domains (Corbett, Denton, and Erete 2023; Fried-
man, Kahn Jr., and Borning 2008; Friedman and Hendry
2012), but the flexible and instructable nature of general-
purpose AI (Zoph et al. 2022) requires large-scale and di-
verse participation in anticipating use cases of AI in ad-
dition to use case development, to comprehensively evalu-
ate its possible impacts. Thus, tackling these challenges is
the key towards a more open and less centralized decision-
making (Widder, West, and Whittaker 2023; Brynjolfsson
2023) around AI design and governance.

A necessary first step towards this goal is to build a frame-
work for the non-expert public to share opinions and express
critical assessments on AI. Such a framework must be cen-
tered around concrete use cases (Trustible 2023; Parliament
2023), since only discussing high-level regulation of general
purpose models leads to rules that are too vague to oper-
ationalize (Rao and Kreps 2023). Moreover, the framework
should allow the public to consider the alternate reality asso-
ciated with an AI use case, considering both its development
and non-development, a contrastive perspective often miss-
ing in technology assessment (Forlano and Halpern 2023).
Finally, to widely speculate the future of AI, the use cases
and development scenarios should cover futuristic, e.g., AI
in 5–10 years, use cases and their impact as well.

Towards this goal, we introduce PARTICIP-AI, a frame-
work to gather detailed and nuanced public opinion on AI
based on current and future use cases and their impact, in-
spired by speculative design practices (Hohendanner et al.
2023; Balaram, Greenham, and Leonard 2018) and conse-
quentialist ethics modeling (Kohno, Acar, and Loh 2023;
Card and Smith 2020). Our framework proposes a four-
step process that asks participants to brainstorm possible use
cases, imagine and rate their harms and benefits under two
alternate scenarios of developing and not developing, and fi-
nally, make a choice on the development of the use cases.

To show the feasibility of our framework, we conduct an
online survey with 295 demographically diverse, US-based
participants and analyzed their responses, qualitatively and
quantitatively, to answer the following research questions.
RQ1 To explore overlooked AI development directions and

help guide equitable progress through public input,
we ask: what current and future use cases of AI are
in the public’s imagination?

RQ2 As many seemingly beneficial use cases of AI have
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problems of dual use and failures, we analyze: what
are the harms and benefits of the use cases?

RQ3 To gather input beyond technological determinism
(Littman et al. 2022), we examine: what are the
harms and benefits of not developing certain appli-
cations of AI?

RQ4 To study people’s decision processes and conflicting
values, we explore: what creates tension between de-
veloping and not developing the applications?

Our results surface a wide array of anticipated use cases
(RQ1), which highlight common themes of interest in im-
proving personal, everyday life, showing diverse interests to
augment life through AI and emphasis on the value of AI
in making societal impact towards betterment of society as
a whole. We find that our participants surface set of harms
complementary to taxonomies created by experts (RQ2), for
example, raising issues of distrust in institutions and high-
lighting the need for regulation to protect mental health.
Moreover, our findings uncover a set of benefits and harms
associated with not developing a use case and highlight a
tension in AI’s impact on human potential (RQ3). Finally,
we find that level of benefits and harms of not developing
a use case is significantly more correlated with decisions of
development, compared to that of developing (RQ4).

To summarize our contribution, we (1) propose a
PARTICIP-AI, a novel framework to assess AI use cases and
their impact, developed with insights from various field of
AI, computer security, and philosophy. We (2) conduct a sur-
vey with lay users to showcase PARTICIP-AI’s usability. We
(3) present results from synthesizing themes such as interest
in use cases that emphasize equitable progress through en-
hancing everyday life and solving societal issues, harm types
complementary to the expert-generated, various impacts of
not developing a use case, and tensions over value of human
work. Finally, we (4) conclude with a discussion on direction
of AI development to reflect diverse goals and needs, risks
of AI and ways to address regulatory gaps, and tensions over
development and techno-solutionism. Our work highlights
the promise and importance of including lay publics and di-
verse voices into the future of AI design and governance.12

2 Related Work
Participation in AI. While the rapidly growing deployment
of AI systems across many sectors has called for meaningful
participation (Costanza-Chock 2018; Delgado et al. 2023a;
Queerinai et al. 2023; Pasquale, Malgieri, and Pasquale
2021; Suresh et al. 2022), exploration of such approaches
has lagged behind (Birhane et al. 2022; Bergman et al. 2023;
Durmus et al. 2023; Bender et al. 2021), especially in large-
scale AI models (Birhane et al. 2022). On one hand, previous
efforts span “data labor” for model optimization such as an-
notation and feedback (Miceli and Posada 2022; Bai et al.
2022a), enabling human inputs at granular, instance-level

1See https://github.com/JiMinMun/Particip-AI for all partici-
pant responses.

2Supplementary material and appendix are at https://arxiv.org/
abs/2403.14791.

(e.g., human annotation or feedback; OpenAI 2023; Bai
et al. 2022a; Christiano et al. 2023) or at limited stages of
AI pipeline (e.g., representative evaluation; Bergman et al.
2023) largely for existing AI systems. On the other hand,
many previous works focused on a broad, principles-level,
participation including constitutional AI (Bai et al. 2022b;
Anthropic 2023), citizen juries (Balaram, Greenham, and
Leonard 2018; van der Veer et al. 2021), public AI policy
insights (Reeve, Colom, and Modhvadia 2023; NIST 2023),
and community collectives (Nekoto et al. 2020; Queerinai
et al. 2023).

Unlike previous works, our work targets the middle-
ground by facilitating public assessment of potential real-
world AI applications across domains, aligning with re-
cent legislation advocating more application-based ap-
proaches (Parliament 2023). Our work takes inspiration
from design futuring (Fry 2009; Kozubaev et al. 2020),
including speculative design and design fiction, which fo-
cuses on non-linear approaches that seeks to challenge and
criticize the status quo, explore alternate scenarios, and
(re)envision the future (Hohendanner et al. 2023; Farias,
Bendor, and Van Eekelen 2022; Baumann et al. 2016, 2018).
Thus, our framework addresses the limitations in previous
works through future-looking, use-case oriented questions,
which allow for discussion around broader stages of AI
pipeline (e.g., usage, design, threats, and opinions of deploy-
ment stages) and while we implement the framework as a
survey in this work, is not limited to any specific format.

Risk Assessment of AI Applications. AI applications’
far-reaching impact and increasing accessibility among lay
users (Viswanathan et al. 2023) urges broad, deliberate, and
multifaceted assessments of their nuanced and unexpected
risks (Lubars and Tan 2019). While many works have devel-
oped assessment frameworks of AI risks, most have focused
on expert inputs only (Solaiman et al. 2023; Weidinger et al.
2023; Barrett et al. 2023), neglecting the valuable perspec-
tives of end users impacted by AI-related harms, focusing
on broader guidelines (e.g., human rights; Prabhakaran et al.
2022), overlooking conflicting values of diverse set of users.

In works that incorporate user inputs for AI risk assess-
ments, there is a noted limitation in accommodating a wide
range of diverse and potentially conflicting human values
(Weidinger et al. 2023). For example, these works cover lim-
ited deployment scenarios (Buçinca et al. 2023) or targets
specific stage of AI development pipeline and user group
(e.g., tool to help AI developers and researchers in proto-
typing harms; Wang et al. 2024). To address the challenges
of surfacing diverse perspectives and potentially conflict-
ing values, our framework adopts a large-scale participation-
based approach with lay-users to anticipate risks associated
with current and future AI. Moreover, by soliciting lay users’
inputs to assess the potential harms and benefits of both de-
veloping and not developing AI applications our work more
comprehensively gathers conflicting interests and values.

3 Methods
In this section, we first introduce PARTICIP-AI framework,
including the motivation and scope, and the question choices
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Question Numbers Content

Technology Description
2 Tech-X Imagine an AI technology (let’s call it ”Tech-X”) is developed by tech companies that can follow any instruc-

tions to generate new content such as images, human-like language, computer code, etc. To name a few of its
capabilities, it can interact with people in a conversational way, write stories, create illustrations and paintings,
and answer questions about almost anything.

3Tech-X 10 Now consider a date five to ten years into the future. Imagine a more sophisticated version of Tech-X (let’s call it
”Tech-X 10”), which can follow any instruction you give it, has expert-level knowledge or even better, can solve
problems creatively, can connect to the internet and other devices, and can process and read massive amounts of
data or text within seconds.

Sec 1: Use Cases
Q1 Q4 Do you think a technology like this should exist?

2 Q2 3 Q5 How confident are you in the above answer?
Q3∗ Q6∗ Please write some tasks that {2, 3} could assist or automate in the text box below.

�Q7∗ Complete the following sentence by choosing one task from your brainstormed answers that you believe Tech-X
or Tech-X 10 will change the most drastically. The task that I think Tech-X / Tech-X 10 would most dramatically
change would be in. . .

Sec 2: Harms and Benefits of Developing
Q8∗ Q11∗ & Q14∗ How will Tech-X / Tech-X 10 automating or assisting the task you identified {-, ,} impact individuals?
Q9∗ Q12∗ & Q15∗ Which groups of people do you think would {-, ,} the most from the above {-, ,} impacts?-
Q10

,
Q13 & Q16 How {-, ,} would it be if Tech-X / Tech-X 10 was used for the following task and had the above {-, ,}

impacts?
Sec 3: Harms and Benefits of Not Developing

Q17∗ Q20∗ Now imagine that Tech-X / Tech-X 10 was never used to automate or assist with {�}. How will banning or not
developing this particular application {-, ,} impact individuals?

, Q18∗
- Q21∗ Which groups of people do you think would {-, ,} the most from the above by banning or not developing this

particular application?
Q19 Q22 How {-, ,} would it be if Tech-X / Tech-X 10 was banned or never developed to perform the following task

and had the above {-, ,} impacts?
Sec 4: Use Case Opinion
LQ23 After thinking about the benefits and harms of the application and the harms of it not being developed, do you

think that this application of the technology should or should not be developed?
Q24 How confident are you in the above answer?
Q25 How likely do you think are people to agree that an application of Tech-X / Tech-X 10 that automates or assists

with {�} {L}?

Table 1: Survey questions in PARTICIP-AI. Questions are summarized due to space constraints. Asterisks (*) denote open-text
questions. Within curly brackets are variations such as benefit (-) or harm (,) or input from previous questions, e.g., task (�).

for the survey instrument (§3.1). We then describe our meth-
ods for collecting and analyzing lay users’ inputs (§3.2).

3.1 PARTICIP-AI Framework
Overview The primary goal of PARTICIP-AI is to effec-
tively elicit the opinions of lay-users on the potential harms
and benefits across many near- and far-future AI applica-
tions. To create such a framework that addresses pertinent,
pivotal questions in AI and to incorporate diverse, bottom-
up views, we harness the interdisciplinary expertise of our
research team, spanning computer security, public policy,
natural language processing (NLP), and AI ethics. We iter-
atively design a survey to reflect our research questions and
adopt an online crowdsourcing platform for broad and con-
trolled distribution to populations with diverse backgrounds.

To explore how lay users perceive the influences and con-
sequences of future AI applications, we prompt users to
imagine potential use cases of AI and consider speculative
harms and benefits of both developing and not developing
such technologies. This fictional inquiry approach (Dindler

and Iversen 2007), is inspired by various fields, including
design fictions (Bleecker 2022) and threat modeling in com-
puter security (Evtimov et al. 2020). In particular, the al-
ternative scenarios (i.e., to develop or not to develop a use
case) involve choosing between two outcomes, reminiscent
of hypothetical dilemmas in moral philosophy (Bostyn, Sev-
enhant, and Roets 2018).

The option of developing an AI use case considers two
distinct types of harms: (1) those arising from the failure or
low performance of AI (Raji et al. 2022), and (2) those re-
sulting from the malicious misuse of AI (Pöhler et al. 2024).
Finally, acknowledging the distinct real-world impacts of
short-term, near-future, and long-term, far-future AI tech-
nologies, PARTICIP-AI guides users to analyze and differ-
entiate the distinct potential harms and benefits presented by
AI with varying levels of capabilities.

Question Design Survey questions are shown in Table 1.
Use Cases of AI (RQ1): First, participants are asked to

imagine the use cases of two variants of AI, Tech-X and
Tech-X 10. Tech-X, while fictional, describes a technology
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similar to current generative AI, i.e., instruction-following
with generative output. Tech-X 10, on the other hand, de-
scribes a technology five to ten years into the future with a
focus on its expert-level knowledge and creative problem-
solving. For each variant, participants are asked three ques-
tions: whether the technology like the one described should
exist or not (Q1, Q4; binary), their confidence in that opinion
(Q2, Q5; 5-point Likert), and ideas on use cases of the tech-
nology (Q3, Q6; free-text). Finally, participants are asked
to choose one brainstormed use case that would be changed
most drastically through AI (Q7). All subsequent questions
ask specifically about the use case chosen in this step.

Harms and Benefits of Developing (RQ2): Here, partic-
ipants are asked to anticipate the use case’s benefits and the
two types of harms (i.e., malicious misuse, failure cases).
Regarding the benefits and each type of harm, participants
describe their impact (Q8, Q11, Q14; free-text), the most
impacted groups (Q9, Q12, Q15; free-text), and the scale of
the impact (Q10, Q13, Q16; 8-point Likert3).

Harms and Benefits of NOT Developing (RQ3): Next,
assuming a hypothetical scenario where the technology is
not used for the use case, participants are tasked to describe
the impact of potential harms and benefits (Q17, Q20; free-
text), most impacted groups (Q18, Q21; free-text), and the
scale of impact (Q19, Q22; 8-point Likert3).

Use Case Opinions (RQ4): Finally, to understand how
participants perceive the permissibility of developing the use
case, participants are asked to select whether the application
should be developed (Q23; binary), the confidence in that
answer (Q24; 5-point Likert), and how likely it would be that
others would agree to that opinion (Q25; 8-point Likert3).

3.2 Input Collection and Analysis Methodology
We performed targeted recruiting of diverse participants to
conduct our survey and a mixture of quantitative (for ques-
tions with nominal or ordinal scale answers) and qualitative
analyses (for questions with free-text answers) to extract in-
sights from the collected survey data.

Participant Recruitment We recruited 300 participants
on Prolific to conduct the PARTICIP-AI survey.4 To obtain
diverse opinions, we performed targeted recruiting across
five different ethnic groups provided by the platform (i.e.,
Asian, Black, Mixed, Other, and White), and across two age
groups (i.e., 18 to 48, 49 to 100) that divides the US adult
population in approximately half,5 resulting in 10 different
groups with 30 participants each. These groups were bal-
anced in male and female sex categories. 295 participants
responded to the survey. The survey took median 25.2 min-
utes. Participants were compensated at the rate of $9.67/hr.
Our study was approved by an institutional review board.
Limitations due to the platform’s recruitment, stratification,
and categorization methods are discussed further in §5.

Below, we describe a subset of participants’ demograph-
ics; see Appendix A.2 for a full description. While we re-

3Anchored scale to control for individual user interpretations.
See Appendix A for details.

4https://www.prolific.com/
5US Census Data, Accessed on 11/29/2023.

cruited equal number of demographically stratified partici-
pants, imbalances occurred due to the specification of self-
identified racial categories and lack of responses in certain
groups. Participants were White (29.8%), Black (21.7%),
Asian (20.0%), Other (10.8%), and Mixed (11.9%). Partici-
pants largely identified as men (47.8%) and women (47.1%).

Qualitative Analysis We apply qualitative analysis to
free-form answers, using concept coding (Saldaña 2021)
practices augmented with GPT-46 to aid in applying
the human-generated codebook on the large-scale survey
dataset. These questions include AI use cases (Q3, Q6, Q7),
impact of benefits (Q8, Q20), impact of harms (Q11, Q14,
Q17), and most impacted groups (Q9, Q12, Q15, Q18, Q21).
See Appendix H for the codes and their definition.

Open Coding with Human Annotators With three au-
thors from our research team, we developed codebooks by
performing open coding on approximately 25% of the data
(80 samples). For questions on tasks and impact of harms
and benefits (Q7, Q8, Q11, Q14, Q17, Q20), three au-
thors developed codebooks independently, and then merged
them into a shared codebook upon discussion with unani-
mous agreement. Next, the three authors applied the merged
codebooks to all questions of each user sample. Individual
low-level codes are grouped into a high-level theme during
data analysis. In addition, we pre-process brainstormed tasks
(Q3, Q6) using GPT-4 to standardize their expressions (see
Appendix B.1 for further details). Finally, given the brevity
and directness of answers, questions pertaining to groups
impacted (Q9, Q12, Q15, Q18, Q21) were coded by a single
author. See Appendix B.2 for further details.

Closed Coding with GPT-4 Augmentation Manually
coding responses is prohibitive when the sample size is
large; frontier language models such as GPT-3 and GPT-4
have shown promise in automatic qualitative coding (Xiao
et al. 2023; Matter et al. 2024). Thus, we applied GPT-4 to
perform closed coding of the remaining 75% of the samples
using the codebooks developed by our research team dur-
ing the open coding process. We use the first two samples
from the held-out data that we manually coded as few-shot
examples to prompt GPT-4, and we evaluate human to GPT-
4 agreement using the remaining 78 samples. In line with
previous research (Xiao et al. 2023), GPT-4 has moderate
(0.41-0.60) to substantial (0.61-0.80) agreement (McHugh
2012) with the human annotators.7 See Appendix B.3 for
detailed prompts, settings, and additional metrics.

Quantitative Analysis. Quantitative analysis is conducted
on data in nominal or ordinal scales, including opinions on
whether a use case should be developed (Q1, Q4, Q23; bi-
nary), the scale of impact (Q10, Q13, Q16, Q19, Q22; Lik-
ert) and participants’ rating of their confidence and antici-
pated agreement (Q24, Q25; Likert). We aggregate the per-
centage of responses for opinions, take the mean by theme

6gpt-4-1106-preview
7Inter-rater agreement scores based on Cohen’s κ (Cohen

1960) on validation set for each question: (Q7; κ=.59, Q8; κ=.51,
Q11; κ=.66, Q14; κ=.67, Q17; κ=.62, Q20; κ=.58, Q9; κ=.77,
Q12; κ=.85, Q15; κ=.87, Q18; κ=.85, Q21; κ=.82)
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for the harms and benefits scales, and conduct an exploratory
factor analysis for the effects of harms and benefits on opin-
ions of use case development.8

4 Results
In this section, we present and discuss the results of our
survey based on PARTICIP-AI framework with 295 partici-
pants. Before delving into the specific use cases, participants
showed an overall positive attitude towards the general de-
scriptions of the AI technology with 86.1% (Q1) and 85.4%
(Q4) responding that Tech-X and Tech-X 10 “Should exist”.

4.1 RQ1. Current and Future Use Cases of AI
To answer this question, we analyze the brainstormed use
cases for current (Q3) and future technology (Q6), as well
as the tasks that would be most drastically impacted by AI
(Q7). We grouped the codes (see Appendix C) into the high-
level themes to assist analyzing the results and highlight gen-
eral trends (see Table 2): DOMAIN, SUPPORT TYPE, realms
of impact (i.e., WORK, PERSONAL LIFE, and SOCIETY), and
GOAL OF THE USE CASE.

Current and Future AI Use Cases Participants brain-
stormed a similar number of use cases across themes for
both current (Q3, Tech-X; avg. of 3.5) and future (Q6, Tech-
X 10; avg. of 3.4 tasks) technology. Across both questions,
participants most commonly mentioned the DOMAIN of use
cases (55.0%; Q3, 63.2%; Q6) compared to SUPPORT TYPE,
GOAL, or realms of impact. However, use cases differed in
their distributions within the theme: notably, those for future
technology emphasized domains such as medical (10.5%),
education (9.7%), and research (3.0%) whereas those for the
current version discussed artistic expression (13.4%), ed-
ucation (11.1%), and translation (8.0%). PERSONAL LIFE
applications occured more frequently for Tech-X (45.7%)
compared to Tech-X 10 (39.2%). In contrast, tasks surround-
ing impact to SOCIETY grew most drastically from Tech-X
(0.3%) to Tech-X 10 (8.7%), suggesting people’s interest in
future AI applications to address societal issues. See Table 2
for detailed distribution of the themes and codes.

Participant Selected Use Cases Among tasks described
as most revolutionized by AI, DOMAIN of applications
was the most common theme (67.8%), covering medical
(13.9%), education (10.5%), and research (10.5%) domains.
The second most prevalent theme was SUPPORT TYPE
(40.7%) containing top use cases related to efficient data
analysis (19.0%) and professional consulting service (7.8
%). As in previous questions, PERSONAL LIFE (29.5%) re-
lated tasks were discussed more frequently compared to
WORK (10.8%) and SOCIETY (9.5%) (see Appendix C.2).
Notably, participants selected more use cases that impact the
society compared to previous questions (see Appendix C.3).

8For effects analysis, we converted participants’ answers nu-
merically: opinion (−1=“Should not be developed”, 1=“Should be
developed”), confidence (−4=“Should not be developed” × “Ex-
tremely confident”, 4=“Should be developed”×“Extremely confi-
dent”) and perceived agreement (−8=“Should not be developed”
× “Highly likely”, 8=“Should be developed” × “Highly likely”)

4.2 RQ2. Harms and Benefits of the Use Cases
To answer this queston, we analyzed participants’ antici-
pated harms and benefits of their use case (qualitative; Q8,
Q11, Q14), groups that could be harmed or benefited the
most (qualitative; Q9, Q12, Q15), and the scale of impact
(quantitative; Q10, Q13, Q16). Analysis on questions such
as anticipated groups affected by developing use case (Q9,
Q12, Q15) can be found in Appendix D.2.

Harms of Developing The harms of developing the se-
lected use cases were grouped into ten high-level themes
(see Table 3; left). We analyzed harms due to misuses (Q11)
and poor performance (Q14) separately. For harms due
to misuses or unintended consequences, participants most
often mentioned SOCIAL AND PSYCHOLOGICAL EFFECT
(35.3%) followed by ECONOMIC IMPACT (32.5%). Within
SOCIAL AND PSYCHOLOGICAL EFFECT, the most common
concerns were manipulation of people (12.9%) (e.g., “con-
trol and manipulate information for human exploitation” by
P114), misinformation (12.5%), and mental harm (12.2%).
For harms caused by the poor performance of technology,
participants most commonly discussed ECONOMIC IMPACT
(33.6%) at the personal and societal level, such as financial
disturbance (20.7%) and economic disturbance (9.8%). The
second most discussed harm due to failure cases was PHYS-
ICAL EFFECT (29.8%), such as physical harm (23.7%) and
negative impact to health and well being (8.5%).

While the two types of harm showed different dis-
tributions of themes, their scale of impact was similar.
Among all themes, REDUCING PROGRESS (7.50±0.84;
Q13, 6.57±1.45; Q16) and PHYSICAL (6.70±1.40; Q13,
6.28±1.59; Q16) had the biggest scale of impact (see Ta-
ble 3). While ECONOMIC IMPACT was a frequent theme
overall, its perceived impact was lower (5.39±1.70; Q13,
4.63±1.75; Q16), especially for poor performance harms.

Benefits of Developing The benefits of selected use cases
are grouped into eight themes (see Table 4; right). The
most prominent theme was REINVESTING HUMAN CAPI-
TAL (52.5%), within which, personal life efficiency (35.6%)
to “save time effort and energy” (P19) in personal life was
mentioned the most followed by personal growth (16.9%),
and reducing mundane work (13.2%). The second most fre-
quent theme was ECONOMIC GAIN (43.7%), such as general
efficiency (31.5%) and financial gain (17.6%).

While REINVESTING HUMAN CAPITAL was the most fre-
quently observed benefit, its scale of impact (5.13±1.86)
was lower compared to IMPROVING QUALITY OF SOCIAL
LIFE (6.76±1.17) and IMPROVING QUALITY OF PERSONAL
LIFE (6.50±1.50). This suggests that while AI offers ef-
ficiency in reinvesting human capital, the more influential
positive impact comes from improving the quality of life.

4.3 RQ3. Harms and Benefits of Not Developing
Certain Applications of AI

We analyzed participants’ answers on harms and benefits of
not developing (qualitative; Q17, Q20), groups that could be
harmed or benefited the most (qualitative; Q18, Q21), and
the scale of impact (quantitative; Q19, Q22) to answer this
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% responses
Code / THEME Quote Q3 Q6 Q7

1032× 992× 295×
DOMAIN 55.0 63.2 67.8
Artistic expression “Make abstract art with my dog’s picture” (P13, Q3) 13.4 3.4 5.4
Medical “Automating medical research” (P54, Q6) 4.9 10.5 13.9
Education “Teaching me how to code in different languages” (P104, Q7) 11.1 9.7 10.5
Research “Revolutionize scientific research” (P203, Q6) 3.0 8.5 10.5
Translation “Translations while traveling” (P292, Q3) 8.0 1.3 4.1
SUPPORT TYPE 39.0 39.3 40.7
Efficient data analysis “Assist in personalized medicine by analyzing genetic data, medical histories, and

current research...” (P242, Q6)
8.9 17.4 19.0

Professional consulting service “Mental health diagnosis and intervention...since...professionals often gets over-
whelmed with their work.” (P203, Q7)

2.1 6.3 7.8

Writing assistance “Adapting resumes to different job postings” (P146, Q3) 11.5 3.6 2.7
PERSONAL LIFE 45.7 39.2 29.5
Everyday task automation “Summarizing important email content into a list” (P293, Q3) 25.4 22.1 14.2
Everyday life assistance “Assisting me with planning meal ideas that meet my family’s dietary needs...[to] take

much weight off my mental plate.” (P249, Q7)
17.8 15.6 13.9

GOAL OF THE USE CASE 26.5 25.9 33.6
Personal life productivity “Assisting with managing time spent on activities” (P100, Q3) 8.8 6.0 10.2
Creativity “Creating unique entertainment options that cater to individuals and evolve with them

over time” (P265, Q6)
12.4 4.6 6.4

SOCIETY 0.3 8.7 9.5
Societal issues “Predictive models that improve health and environment challenges.” (P28, Q7) 0.3 8.7 9.5
WORK 5.2 6.8 10.8
Human labor replacement “Replacing humans in customer interaction jobs” (P282, Q6) 0.8 4.8 8.1
Workplace productivity “Generate job reports that would take human hours” (P86, Q6) 4.5 2.5 4.1
OTHER 0.8 2.2 4.4
New code “Find a way for the AI to destroy its own AI self” (P25, Q6) 0.8 2.0 3.7

Table 2: Tasks (Q3, Q6, Q7): percentage of occurrence for THEME and top few most frequent codes with representative quotes.

question. See Appendix E.2 for analysis on questions about
anticipated groups affected by use case (Q18, Q20).

Harms of Not Developing Responses on harms of not
developing the use case are grouped into nine high level
themes (see Table 5). The most common themes were LIM-
ITING HUMAN POTENTIAL (32.9%) and LOSE INFORMA-
TION AND ACCESSIBILITY TO RESOURCES (26.1%). By
not developing the application, it’s anticipated that there will
be more wasted resources or time (13.2%) or inefficiency
(12.2%), e.g., “where people’s lives are being wasted on un-
fulfilling labor for low pay” (P110). Another major concern
involves losing assistance for the task (11.5%) and losing ac-
cessibility to solution and service (9.8%). Unlike the harms
of developing (§4.2), 23.4% of answers were categorized as
OTHER, within which many answers mentioned there being
no harm (16.6%), indicating that harms of not developing
often does not exist or is harder to imagine compared to
harms of developing (e.g., “if it never gets develop [sic] we
won’t know what we are missing out on”).

Regarding the scale of impact (Q19; see Table 5), PHYS-
ICAL EFFECT had the highest perceived impact of harm
(5.14±2.62), similar to the scale of impact indicated in
harms of developing. Participants also anticipate a high im-
pact of LESS PROGRESS IN SOLVING SOCIETAL ISSUES
(4.78±2.19), which, considering previous results, conveys
solving societal issues an important beneficial area of AI.

Benefits of Not Developing Benefits of not developing
the use cases had seven high level themes (see Table 6).
The most reported benefit of not developing AI was HU-
MAN GROWTH AND POTENTIAL (43.4%), such as less de-
pendence on tech (26.4%), learning skills and knowledge
(20.7%), and increased human interaction and dependence
on one another (13.2%). The second most common benefit
was ECONOMIC IMPACT AND ECONOMIC SECURITY, such
as job security (17.6%) and financial benefits (6.8%). Re-
garding the scale of benefit (Q22, see Table 6), BENEFICIAL
SIDE EFFECTS OF NOT USING AI (e.g., better health and
environmental impact) had the highest impact (4.75±2.71).
HUMAN GROWTH AND POTENTIAL also had a high impact
(3.95±2.71), showing an tension in delaying technological
progress for the sake of not LIMITING HUMAN POTENTIAL.

4.4 RQ4. Tension between Developing and Not
Developing the Applications

We analyzed participants’ opinions on use case develop-
ment, their decision confidence, and perceived agreement
from others to identify the source of tension. Most partici-
pants answered that the use case “should” (83%) rather than
“should not” (17%) be developed.

Factors in Tensions over Development To examine
how considering harms and benefits impacted opinions on
whether a use case should be developed, we ran a linear
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% responses
Code Quote & Scale of Impact (Q13 / Q16) Q11 Q14

295× 295×
5.82±1.94 / 5.29±2.05SOCIAL & PSYCHOLOGICAL EFFECT 35.3 26.4

Manipulate people “People would lose control potentially over important data, ideas...” (P113, Q11) 12.9 1.0
Misinformation “It could give false information and confuse people as to where they don’t know which source

of information to trust” (P126, Q11)
12.5 10.8

Mental harm “Loss of confidence and motivation: Repeated misunderstandings and failed interactions could
lead to frustration and a reluctance to engage in...learning.” (P280, Q14)

12.2 9.5

Social isolation “It would harm...relationships...maybe [leading] to ostracism or loss of trust.” (P200, Q14) 2.4 4.4
5.39±1.70 / 4.63±1.75ECONOMIC IMPACT 32.5 33.6

Financial disturbance “People would lose jobs and incomes” (P93, Q11) 16.3 20.7
Economic disturbance “Shortage in suppliers or a raise in costs” (P126, Q11) 12.9 9.8
Waste resources or time “Potentially leading to misguided decisions [and] wasted resources...” (P250, Q14) 1.0 9.5

6.32±1.57 / 6.10±1.60SAFETY & SECURITY RISK 21.7 7.8
Data security & privacy risk “It could be...compromising users’ private data” (P235, Q14) 10.5 3.1
Extinction “human race eliminated by machines” (P220, Q11) 5.8 2.0
Aid criminal “It will lead to theft” (P275, Q14) 4.1 2.7

6.70±1.40 / 6.28±1.59PHYSICAL EFFECT 16.9 29.8
Physical harm “It could lead to serious injury or death.” (P215, Q14) 12.9 23.7
Negative health & well-being “People would become more unhealthy” (P175, Q11) 3.4 8.5

5.16±1.76 / 5.43±2.12QUALITY & RELIABILITY ISSUES OF AI 15.9 24.1
Incorrect AI output “Providing incorrect or incomplete medical diagnostics” (P221, Q14) 9.8 13.6
Distrust AI “People would lose trust in technology” (P72, Q11) 5.1 5.8

4.41±1.80 / 4.42±2.10IMPEDING HUMAN DEVELOPMENT & LEARNING 12.9 12.5
Overreliance “[People] will not learn to do anything on their own” (P274, Q14) 9.5 6.8
Impede learning “Diminished capacity for original ideas, maybe even critical thinking” (P221, Q11) 3.7 3.7
Hinder career “The reputation of the developers would be ruined” (P125, Q14) 1.0 4.1

5.70±2.01 / 5.48±2.09REDUCING QUALITY & RELIABILITY OF SOCIETY 12.2 9.2
Distrust institution “The negative impact would be...decreased trust in the medical professionals...” (P62, Q14) 5.8 5.4
Legal issues “Increased lawsuits.” (P95, Q14) 3.1 4.1

5.95±2.25 / 5.97±1.94GENERAL HARM 6.8 11.5
General harm “More people would be hurt” (P105, Q11) 4.7 10.2
Range “Could cause anything from minor issues to loss of life” (P271, Q14) 2.0 1.7

7.50±0.84 / 6.57±1.45REDUCING PROGRESS 2.0 4.7
Environmental harm “It could negatively impact fighting climate change” (P23, Q14) 1.4 1.7
Hinder science “Delay scientific advancement and progress” (P276, Q14) 0.7 3.1

3.30±3.22 / 4.28±2.83OTHER 4.4 7.1
N/A “Many things” (P216, Q11) 2.4 2.7
No harm “I can’t think of any [harms]” (P242, Q11) 1.7 3.7

Table 3: Harms of developing (Q11, Q14): percentage of occurrence for THEME with scale of impact (Q13, Q16) and corre-
sponding top few most frequent codes with representative quotes.

mixed effects model with the opinion as dependent variable
and the scale of benefits and harms as the independent vari-
ables (see Table 7). Surprisingly, Harms of not developing
consistently showed the most significant effect on opinions
(β = 0.27, p < 0.001), confidence (β = 0.41, p < 0.001),
and agreement (β = 0.29, p < 0.001) that the application
should be developed. Similarly, benefits of not developing
showed the most significant effect on the opinion that the
application should not be developed (opinions; β = −0.20,
p < 0.001, confidence; β = −0.23, p < 0.001, agreement;
β = −0.22, p < 0.001). These results highlight that con-
sidering not developing scenarios provides deeper insights
into people’s opinions about AI development than develop-
ing scenarios alone. Interestingly, despite the harms and ben-
efits of not developing are use case specific, these answers
generally reflected participants’ general attitudes toward AI.

Specifically, among people who believe their selected use
cases should not be developed, 54.9% and 52.9% of them
also think Tech-X (Q1) and Tech-X 10 (Q4) “Should not
exist,” respectively, higher than proportions from all the par-
ticipants (13.9%; Q1, 14.6%; Q4).

Case Analysis Ordering domains and themes by the num-
ber of use cases participants said should not be developed,
applications that impact WORK (28.1%) ranked first, fol-
lowed by SOCIETY (21.4%) and GOAL (18.2%); see Ap-
pendix E.2 for further analysis. Examples of similar tasks
that participants said should and should not be developed are
shown in Table 6 (see Appendix C). P189 (“Should not be
developed”) and P32 (“Should be developed”) both discuss
reduced accessibility in the harms of not developing an AI
assisted transportation system. However, they focus on dif-
ferent benefits of not developing where P32 states that those
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% responses
Code Quote & Scale of Impact (Q10) Q8

295×
5.13±1.86REINVEST HUMAN CAPITAL 52.5

Personal life efficiency “Save time, effort, and energy...[and] allow a layperson to accomplish this task.” (P19) 35.6
Personal growth “Since it’s data driven, individual performances will be vigorously assessed and suggest ways

by which an individual can improve.” (P47)
16.9

Reduce mundane work “I would be able to focus on relationships and team building versus menial manager tasks that
AI could complete for me.” (P157)

13.2

5.38±1.75ECONOMIC GAIN 43.7
General efficiency “Companies will not need to have as many employees...because they’ll be able to automate

much of the workload...which will increase company profits.” (P209)
31.5

Financial gain “It will save cost of different diagnostic tests.” (P211) 17.6
5.58±1.62RESOURCE ACCESSIBILITY 35.9

Information accessibility “People need quick and reliable answers because not a lot of people have time for them-
selves...[and] can’t deeply engage in topics they encounter in daily life.” (P53)

18.0

Resource accessibility “It would give people more equity and assistance.” (P99) 15.6
6.96±1.25IMPROVE SOCIETAL ISSUES 31.9

Improve medical care “Health care would be cheaper (hopefully) and more accessible to everyone” (P109) 13.2
Scientific research innovation “Research would be able to be done at a faster pace.” (P159) 11.2

6.11±1.57REDUCE ERROR 16.9
Less human error “It could remove certain human biases” (P171) 10.8
Information quality “It could quickly detect lies said by politicians.” (P229) 9.8

6.50±1.50IMPROVE QUALITY OF PERSONAL LIFE 15.3
Improve well-being & health “My family would have a healthier diet & they would live better lives.” (P238) 10.2
Improve mental health “It would reduce the cases of mental illness in lonely people.” (P96) 5.4

6.76±1.17IMPROVE QUALITY OF SOCIAL LIFE 8.1
Better communication “People would be able to communicate in different languages in real-time.” (P176) 5.4
Social interaction “It would help me navigate through various social situations and problems, thus improving my

social life.” (P200)
2.0

5.25±2.17OTHER 5.4
New code “Help others with problems” (P232) 2.7

Table 4: Benefits of developing (Q8): Percentage of occurrence for THEME with scale of impact (Q10) and corresponding top
few most frequent codes with representative quotes.

negatively affected by not developing “will miss out on being
more independent” whereas P189 reflects on “human work-
ers” keeping their jobs. Meanwhile, P175 (“Should not be
developed”) and P10 (“Should be developed”) discuss simi-
lar lack of assistance in addressing mundane task of buying
groceries, but P10 noticed less reliance whereas P175 no-
ticed not developing would increase human interaction by
forcing people to “go outside and interact in society”. Inter-
estingly, we find that in answers to benefits of not develop-
ing, participants who thought the application should not be
developed focused more on alternate solutions having addi-
tional benefits not addressable by technology whereas those
who thought the application should be developed focused on
the absence of possible harms from technology.

5 Discussion & Conclusion
To address the need for lay user participation in anticipat-
ing the harms and benefits of AI use cases, we introduced
PARTICIP-AI, a framework to collect diverse AI use cases
and examine the benefits and harms of both developing and
not developing them. Using our framework, we collected AI
use cases from nearly 300 demographically diverse partic-
ipants. We now discuss the implications of our findings on
future work towards democratic AI development and policy.

Benefits of AI: Augmenting Life and Social Good. The
brainstorming exercises in our framework uncovered a new
array of AI usage highlighting personal life applications to
augment everyday life, and societal applications to enrich
the lives of everyone. At a personal level, participants ex-
pressed interest in automating daily tasks, assisting personal
growth including mental and physical health, and better al-
location of resources (§4.2), echoing the need for AI design
to allow greater stakeholder liberties (Bondi et al. 2021).

Participants showed strong interest in using AI to solve
significant societal problems from advances in medicine to
addressing inequality, global warming, and world hunger.
These use cases, present a stark contrast to the current direc-
tions of AI development geared towards work and business
productivity (Maslej et al. 2023). Thus, future studies should
explore methods to satisfy these public needs like digital
commons (Verdegem 2022), moving beyond profitability.

Harms Envisioned by Lay Users. Our framework also
enabled participants to reason through harms and benefits of
AI use cases, where a unique set of harms emerged. Our re-
sults show that lay users can anticipate the impacts of AI in
their daily lives, complementary to technical experts’ assess-
ment (Solaiman et al. 2023; Weidinger et al. 2023). While
the themes had some overlap with Solaiman et al. (2023), ad-
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% responses
Code Quote & Scale of Impact (Q19) Q17

295×
3.56±2.12LIMITING HUMAN POTENTIAL 32.9

Waste resources or time “I waste so much time on these types of activities. Time that could be spent on productive things...”
(P39)

13.2

Inefficiency “Government and public agencies will continue to operate in a wasteful and ineffective manner.”
(P76)

12.2

Impede personal growth “People would not be able to reach their potentials.” (P106) 11.9
4.14±2.04LOSE INFORMATION & ACCESSIBILITY TO RESOURCES 26.1

Lose assistance “Immigrants would not recieve [sic] translation support easily.” (P122) 11.5
Lose solution or service “Homeless need easier more accessible help...” (P206) 9.8

2.73±2.59OTHER 23.4
No harm “It wouldnt [sic] necessarily be harmful” (P216) 16.6
New code “It may be an emergency” (P1) 4.1

4.64±2.08LESS INNOVATION 15.9
Delay in innovation “It could slow down progress against climate change” (P23) 9.5
Less innovation “New technology would not be used to help man kind.” (P87) 8.5

4.07±2.40SOCIAL & PSYCHOLOGICAL EFFECT 15.6.5
Stress & overworked “It would increase the workload and time spent on tedious tasks.” (P181) 10.8
Mental harm “It would deprive people of an opportunity to address their loneliness” (P96) 4.7

4.78±2.19LESS PROGRESS IN SOLVING SOCIETAL ISSUES 13.9.5
Hinder medical care “Many individuals will continue suffering from ailments that...worsen in time.” (P117) 8.5
Misinformation “Some people...find bad answers on the internet that make things worse” (P246) 3.7

3.70±2.27ECONOMIC & BUSINESS IMPACT 11.5.5
Financial disturbance “Individuals might lack access to highly personalized and good retirement strategies” (P292) 4.7
Economic disturbance “Increases cost and reduce employment” (P16) 4.1

4.39±1.64LIMITED TO HUMAN CAPABILITIES 9.5
Human error “Humans are biased...and often unable to combine various fields of thought.” (P88) 6.8
Hinder creative work “It could hinder some people’s ability to create.” (P120) 2.7

5.14±2.62PHYSICAL EFFECT 8.5
Physical harm “it could’ve saved a lot of lives” (P152) 5.8
Health issues “My health will suffer.” (P30) 3.7

Table 5: Harms of not developing (Q17): percentage of occurrence for THEME with scale of impact (Q19) and corresponding
top few most frequent codes with representative quotes.

ditional or more detailed harms were uncovered such as dis-
trust in AI and technology, distrust in institutions, and stalled
progress (§4.2). Experts also discussed harms that were not
as common in participant responses such as environmental
costs, and data labor, highlighting the complementary value
of the approaches. We project that AI literacy could further
empower non-expert public to surface and discuss more di-
verse and relevant harms (Long and Magerko 2020).

Psychological harms such as manipulation, misinforma-
tion, and mental harm were among the most common con-
cerns (§4.2), however, have been largely overlooked in
current regulatory and academic discussions on AI. Some
emerging works have examined the psychological impact of
AI and automation (e.g., depression (Vidal et al. 2020; Mc-
Clure 2022), influence on autonomy (Hackenburg and Mar-
getts 2023; Jakesch et al. 2023), over-reliance (Ma, Mei, and
Su 2023)); but the negative impacts of AI remains largely
under-explored (Farahany 2023). Concerningly, these intan-
gible yet impactful harms would not be effectively reme-
died through law and policy like EU AI Act (Pałka 2023) or
US liability case law (Cheong, Caliskan, and Kohno 2023).
Therefore, further studies to understand how AI affects men-
tal health are paramount to establishing frameworks that can

reveal harms to hold different actors accountable.
Techno-solutionism and Tensions of (Not) Developing.

As seen with many examples (Haven and Boyd 2020), AI
applied without careful consideration can exacerbate the ex-
isting inequalities by creating a hierarchy of the technology
owner and the recipient, especially through its opaqueness
(Madianou 2021). In addition to the harms of AI such as dis-
parate performance on majority vs. minority groups (Buo-
lamwini and Gebru 2018; Sap et al. 2019; Scheuerman, Paul,
and Brubaker 2019), risk of dual-use (Kaffee et al. 2023),
and imposition of norms (Santy et al. 2023), the foregone
benefits of non-technical solutions such as job creation, hu-
man involvement, and community building should be further
studied and considered when discussing risks and harms of
AI, as illustrated by our framework.

By collecting and analyzing harms and benefits under two
alternate scenarios (to develop and not develop), we aimed to
understand the reasoning behind users’ decisions. Our qual-
itative analyses showed that participants often emphasized
the benefits of non-technical solutions, such as increased so-
cial interaction, job security, and positive impacts toward in-
direct stakeholders, when they opted for not developing the
use case (§4.4). This highlights the need for discussions of
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% responses
Code Quote & Scale of Impact (Q22) Q20

295×
3.95±2.08HUMAN GROWTH & POTENTIAL 43.4

Less dependent on technology “People would think critically and rely on the thoughts of other human beings who have a
more nuanced understanding of real life situations then AI ever could.” (P113)

26.4

Learning skills & knowledge “It would make it so more people would strive to learn the local language” (P122) 20.7
Human interaction dependence “I might have to communicate that I need help and hopefully would bring us together.”

(P249)
13.2

3.54±2.23ECONOMIC IMPACT / SECURITY 22.4
Job security “It will not take over peoples’ jobs.” (P251) 17.6
Financial benefit “The insurance companies and doctors...make more money off of multiple visits” (P272) 6.8

3.05±2.79OTHER 18.6
No benefit “I don’t see any benefits” (P272) 10.8
New code “The company could put in more effort” (P148) 4.4

3.66±2.41LESS BAD AI USAGE 15.6
Less improper or unethical use “It would not allow for the potential harmful uses of the ai assistance” (P235) 9.5
More privacy “It would protect information of all and keep breaches at a minimum” (P293) 4.4

3.34±2.06INCREASE TRANSPARENCY, CONTROL, & RELIABILITY 12.5
More attentive “It could foster more personal involvement...in one’s investment choices” (P31) 7.1
Human control “It allows for more deliberate, controlled, and transparent progress...fostering public trust

and the responsible development of technology.” (P204)
4.1

3.26±2.33NO CHANGES 7.8
Maintain status quo “There would really be no change in society, it would remain the same” (P216) 5.8
Other non-AI solutions “Advances in medicine woud still occur with use of other technologies and methods” (P45) 2.0

4.75±2.71BENEFICIAL SIDE EFFECTS OF NOT USING AI 2.7
Better health “People...[would]...seek qualified medical assistance, which could save their life.” (P43) 2.0
Environmental “AI requires a lot of energy so not developing it will be good for the environment” (P209) 0.7

Table 6: Benefits of not developing (Q20): percentage of occurrence for THEME with scale of impact (Q22) and corresponding
top few most frequent codes with representative quotes.

Development Opinion (Q23) Confidence (Q24) Agreement (Q25)
Coefficient (SE) p-value Coefficient (SE) p-value Coefficient (SE) p-value

Benefits of Developing (Q10) 0.16 (0.07) < .05 0.17 (0.06) < .01 0.20 (0.06) < .01
Harms of Developing (Q13) −0.08 (0.07) 0.30 −0.12 (0.06) < .05 −0.10 (0.07) 0.19
Harms of Developing (Q15) −0.12 (0.07) 0.08 −0.18 (0.07) < .01 −0.08 (0.07) 0.22
Harms of Not Developing (Q19) 0.27 (0.07) < .001 0.41 (0.06) < .001 0.29 (0.06) < .001
Benefits of Not Developing (Q22) −0.20 (0.06) < .001 −0.23 (0.05) < .001 −0.22 (0.06) < .001

Table 7: Effects of each benefit and harms scale to the development opinion {-1, 1}, confidence {-4, 4}, and agreement {-8, 8}.
All scales were normalized, and negative values denote opinions “Should not be developed”. Standard error is in parenthesis.

often overlooked non-technical solutions and their benefits
to various stakeholders, particularly to those vulnerable and
marginalized, beyond the default persona of technology (i.e.,
a culturally prototypical user, often straight white tech-savvy
men) (Sim et al. 2023). Thus, anticipation of consequences
(Do et al. 2023) in making development decisions could be
a promising direction towards an inclusive progress.

Participants’ responses on harms and benefits of not de-
veloping the AI system also highlighted tensions around hu-
man growth and potential. Not developing a use case could
reduce the efficiency of allocating human resources, but the
absence of AI applications could fortify human worth and
independence, spurring investment in human knowledge and
skills. This dilemma underscores the tension between hu-
man’s value in creation activities and its perceived compe-
tition with that of the machines. This resonates with cre-

ator groups’ call for protective regulations for their work
(aut 2023; The Authors Guild 2024) and researchers’ warn-
ing against greater inequality from AI-induced productivity
(Brynjolfsson 2023; Littman et al. 2022; Moradi and Levy
2020; Cheong, Caliskan, and Kohno 2023). Given these con-
cerns, researchers, developers, and companies should con-
sider immediate and long term impacts of AI in labor to
maintain the value of human work. In developing AI, a focus
on implementing participatory approaches to ensure posi-
tive and mitigate negative impacts on affected communities
(Bondi et al. 2021; Delgado et al. 2023b; Floridi et al. 2021).
Additionally, regulatory measures and economic policies
must aim to ensure human value and equality in the distri-
bution of AI-generated benefits (Littman et al. 2022).
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Ethical Considerations
Our research endeavor, while aimed at inclusivity, predomi-
nantly involved participants from the United States who are
English speakers, a demographic feature that carries signif-
icant ethical implications regarding the generalizability and
inclusivity of our findings (Lee and Rich 2021). We recog-
nize the potential marginalization of non-English speakers
and individuals outside of the U.S., and the ethical responsi-
bility to ensure that the frameworks we investigate are adapt-
able across diverse cultural and linguistic contexts. This calls
for future research to extend our framework to a broader
array of participants, including those from varied cultural
backgrounds and those less familiar with technology. Doing
so would not only enhance the robustness of our findings but
also uphold the ethical principle of inclusivity.

Moreover, the use of an online survey platform, such as
Prolific, inherently skews our sample towards individuals
who are more comfortable with and have access to tech-
nology. This presents an ethical consideration regarding the
digital divide and the potential exclusion of technologically
underserved populations. Ethical research practice necessi-
tates actively seeking ways to include these populations to
avoid reinforcing existing disparities.

Additionally, while we manually verified the quality of
our study’s data, crowdsourcing-based studies are decen-
tralized and difficult to guarantee the reliability of the data.
Moreover, in our analysis, we used GPT-4 to code our data;
therefore, with our released data, future work could explore
other approaches such as clustering, fully manual coding,
coding based on predefined taxonomy, or improving GPT-
4’s coding abilities. The survey wording, formatting and or-
dering could have affected the participant answers (McFAR-
LAND 1981), and future works should further explore ef-
fects of ordering and phrasing of the questions and descrip-
tions of the future technologies.
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